Background: Selection of International Classification of Diseases (ICD)-based coded information for complex conditions such as severe sepsis is a subjective process and the results are sensitive to the codes selected. We use an innovative data exploration method to guide ICD-based case selection for severe sepsis.
S
epsis, a syndrome of infection complicated by host inflammatory response, is a frequent cause of morbidity and mortality in the United States, with 700,000 hospitalizations and 200,000 deaths per year. 1 Severe sepsis is defined by the American College of Chest Physicians/Society of Critical Care Medicine Consensus (ACCP/SCCM) as sepsis complicated by organ dysfunction. SCCM defines septic shock as severe sepsis with hypotension that requires vasopressors to maintain perfusion. 2, 3 Although the methods used to translate clinical data into diagnosis codes vary across medical coders and hospitals, the National Center for Health Statistics (NCHS) annually publishes the official guidelines for coding diseases and injuries, which details appropriate coding of sepsis syndromes. 4 Despite these coding standards, the best method for identifying cases of severe sepsis in the United States has been a subject of debate in the medical literature. 3, [5] [6] [7] [8] Most published methods have applied various combinations of International Classification of Diseases (ICD) codes for infection and organ dysfunction to administrative datasets such as the Nationwide Inpatient Sample (NIS) to calculate the number of cases annually. However, these methods have been criticized, because translating a pathophysiological description (infection with host inflammatory response and organ dysfunction) into administrative codes is an intricate and uncertain process. 9 Further complicating the issue is the fact that each method uses different code combinations, and the best method has not been agreed upon. 3, [5] [6] [7] [8] These controversies have arisen because determining the subconditions which identify a medical syndrome is a subjective task, and different combinations of subconditions identify different cohorts of patients. 3 Figure 1 summarizes the sources of ambiguity in the process of translation from a clinical case of sepsis into an ICD-based diagnosis. First, it is unknown to what extent clinical definition and NCHS coding guidelines represent the same sepsis construct. Second, there is variation in how physicians apply the ACCP/SCCM definitions when recording the diagnosis of sepsis on medical charts. Third, there is a lack in uniformity in how coders apply the NCHS guidelines to read medical charts. Finally, researchers' choice in code selection for identifying sepsis is not consistent. These sources of uncertainty can lead to inconsistent identification of sepsis cases and thus in estimates of the burden of sepsis.
Given the considerable variability in the estimates of cost and prevalence of sepsis, there has been a call for a more uniform case definition. 3, 5 Historically, medical chart review has been used as gold standard to validate ICD-9-CM-based case identification, [10] [11] [12] [13] but extracting data from medical records is challenging, time consuming, and expensive. 14 In addition, even chart review cannot counter the problem of diagnostic uncertainty in identification of severe sepsis cases. 2 We propose a novel, quantitative approach existing sepsis definitions based on ICD codes with the goal of identifying the combination of ICD-9-CM codes that are most internally consistent. The method we will employ, Latent Class Analysis (LCA) has several assumptions: (1) Sepsis is a latent construct, which is defined by a combination of ICD-9-CM codes; and (2) ICD-9-CM coding selection is subject to variation across coders, within and between hospitals, and therefore is an imperfect indicator of sepsis. We will use LCA to examine the consistency in coding for severe sepsis and to determine the set of highly correlated ICD-9-CM codes that can be used to identify the true cases of severe sepsis. This will open the door for a new estimation method that takes into account uncertainties and variation in the use of ICD codes in representing severe sepsis or any similar condition, allowing for uniform estimation of disease prevalence.
METHODS

Data
We combined the 5 most recent years (2007-2011) of NIS datasets. NIS is the largest all-payer nationally representative hospital discharge data 15 and is commonly used to report annual prevalence of hospital-based medical conditions in the United States. To work with a reasonably sized dataset, we used a 5% random sample of the combined data 16 In 2001, Angus et al 7 suggested a method to match the pathophysiological description of the condition with ICD codes representing the condition. Notably, this was before the introduction of the severe sepsis-specific and septic shock diagnosis codes. This first effort at identifying sepsis introduced a set of 109 ICD codes to represent either a bacterial or a fungal infection and another set of 13 codes to assign an organ failure. The condition of sepsis was identified as a code for infection and a second code for organ dysfunction. 7 Since this introduction, researchers and data analysts have frequently employed the "Angus" methodology to define cases of severe sepsis. 17 Some researchers have modified Angus' method by addition/deletion of particular codes.
Textual information
But the Angus definition is only one of several different methods of code selection ( Table 1) . As a result of differing selections of ICD codes, the variation in estimated prevalence of sepsis has ranged as much as 3.5-fold. 5 Notably, it appears that a larger set of infection codes is associated with a larger the estimate severe sepsis prevalence. In the published literature, 2 distinctly different prevalence estimates can be distinguished, based on the number of infection codes included for identification. Angus and Wang used a large set of infection codes, whereas Martin and Dombrovskiy limited included codes to those specific for sepsis rather than any infection. As a result, the estimates of Dombrovskiy et al 8 and Martin et al 18 were substantially lower than estimates made by Angus, Wang, and other researchers. 7, 17 To build the analytic file for this study, we identified all ICD diagnosis codes for infection and organ failure used by these 4 referenced authors (Angus et al, 7 Wang et al, 17 Martin et al, 18 and Dombrovskiy et al 8 ) . Among the organ failure codes there were some procedure codes indicative of organ failure as well (see below). All inpatient stays with at least 1 inflection diagnosis and 1 organ failure code from the combined the lists were included as observations in our analytic file. As the NIS dataset allows for up to 15 diagnosis variables per stay, it is unlikely a sepsis code would not appear because of lack of sufficient room. The final ICD codes used for selection (infection, organ failure, and procedure codes) can be found from the Appendix. The final analytic file consisted of 123,287 observations.
LCA as a Method
LCA is a data exploratory technique that inputs observed categorical variables and predicts class membership on the basis of variables values. In LCA, class is an unobserved (latent) construct, which correlations among observed variables will reflect. LCA provides 2 key outputs (parameters): probability of class membership for each observation (conditional item probability parameter) and overall prevalence in each class (class probability parameter). Expectation Maximization Algorithm is used to calculate the class membership likelihood. The process of likelihood estimation is iterative. In each iteration, the procedure algorithm attempts to improve the fit of the model such that expected class membership values get closer to observed class values based on the same identification codes. Choosing the appropriate number of distinct classes is a decision-making step in LCA. This decision is usually based on 2 criteria: statistical fit and substantive theory or interpretability of the classes. For LCA, methods such as Lo-Mendell-Rubin likelihood ratio test (LMR-LRT), Akaike Information Criteria (AIC), Bayesian Information Criteria (BIC), and a specific measure of entropy are the best candidates to determine the appropriate number of classes. LMR-LRT value compares the improvement of fit across neighboring classes. Its associated P value shows whether adding 1 more class causes the model to be a better fit to the data. 19, 20 AIC or BIC with a lower value is indicative of better fit. Entropy is a measure ranges from 0 through 1. The higher the entropy measure the lower is the chance of case misclassification. The last but perhaps the salient important criterion is confirmation that the number of latent classes is sensible on the basis of substantive interpretability. This can be achieved by getting a desired distribution for each latent class, adequate number of individuals assigned to each class, and acceptable strength of association between classes and the observed characteristics (indicator variables). More details on LCA can be found elsewhere. 21, 22 
Model Building and Analysis
The core to sensible criteria for identifying severe sepsis is to make appropriate rules for class membership using LCA. As a starting point, we used the NCHS guidelines, which require coders to assign a code or set of ICD codes that together define the severe sepsis syndrome. 4 We aimed to test if selection of specific recommended sepsis codes (038.x subcodes, 785.52, and SIRS codes) by coders could cause an observation to be a member of a certain latent class versus any other less specified classes. In preparation for LCA, 4 binary (yes/no) indicators were created and added to the analytic file: (1) an indicator variable that any subcode of ICD-9-CM code of 038.xx (indicator for code 038) was on discharge diagnosis list (DX1 through DX15); (2) an indicator variable that any SIRS codes (indicator for SIRS) was placed on the diagnosis list; (3) an indicator that the code 785.52 (indicator for septic shock) was on the diagnosis list; and (4) an indicator for the presence of at least one of 3 procedures (indicator for procedure) associated with sepsis: electroencephalography, hemodialysis, and mechanical ventilation on the procedure list. We used a routine within MPLUS 7.1 to perform LCA and estimate resulting class membership fit. We performed several runs specifying different number of classes in an effort to identify the most appropriate model based on substantive theory coupled with acceptable fit statistics and entropy (class predictability). Acceptable class predictability was determined to be a result with entropy >0.8. 21 We created 4 new variables to reidentify severe sepsis cases from each of the 4 previously published definitions. We compared the case identification by each of the definitions with that of LCA-defined cases for each individual in the dataset. Hence, we reported falsely identified cases for each of the 4 previous methods of case identification assuming LCA method as criterion. In the analysis and reporting the results we closely observed the ethical conducts in use of NIS data.
RESULTS
Repeated 5% samples provided LCA results, which were different at the third decimal position. We report the results of one of the samples at random. A total of 123,287 observations were in the final dataset. Indicators for code 038, SIRS, septic shock, and procedure were positive in 22.3%, 19.5%, 7.6%, and 6.6% of the observations, respectively. LCA results revealed that 2-and 3-class attempts returned interpretable and consistent solutions (Table 2) , but a 4-class attempt proved to be unidentifiable. On the basis of fit statistics, the 3-class model is better than the 2-class solution. It provides a lower, nonsignificant Pearson w 2 Fit Statistic and lower AIC and BIC values indicating higher likelihood associated with its LCA parameters. In the 2-class solution, the more prevalent class, named class 1, had 77.2% of observations, and the less prevalent class, class 2, had 22.8%. Within class 2, 98% of observations included a 038 subcode on their diagnosis list, 85% included a SIRS code, and 33% included a septic shock code. The probability of a class 2 observation having a code from the sepsis procedure code list was 13%. In contrast, all observations in class 1 lacked a sepsis-specific code from any of the 3 diagnosis sets, and only 5% of them had a sepsis-related procedure code. Turning to the calculated indicators for the diagnosis sets, the odds ratio of being classified in class 2 versus class 1 was statistically significant for all 4 (P < 0.001). In light of these results, class 2 is referred to as the "specifically coded class" and class 1 as the "residual class." The 3-class solution appears to keep class 1 the same, but split the original class 2 from the 2-class solution into 2 classes with class 3 representing the more severe cases. In the 3-class solution, cases in class 3 have a higher probability of having one of the procedure codes (21% in class 3 vs. only 8% in class 2) and a higher probability of being coded as septic shock (59% in class 3 vs. only 19% in class 2), but a lower probability of having a SIRS code (74% in class 3 vs. 100% in class 2).
The principal diagnosis variable hosted 3280 and 1364 different ICD-9-CM codes for the class 1 (residual) and class 2 (specifically coded), respectively (Fig. 2) . Pneumonia, chronic obstructive pulmonary disease, and respiratory failure comprised 27.5% of principal diagnosis. In the specifically coded class, the principal diagnosis was a septicemia subcode for more than half of observations.
Further evaluation of the 2-class solution showed that the odds of in-hospital death was 4.5 times [95% confidence interval (CI), 4.4-4.6] greater for observations in the specifically coded class than that of the residual class. In the same vein, average length of stay for was 14.4 (95% CI, 13.22-14.58) days for specifically coded class and 9.1(95% CI, 8.95-9.16) days for the residual class. Similar results, although less striking (odds ratio = 2, with 95 CI, between 1.8 and 2.2), were obtained for the probability of being coded by one of the ICD codes that explicitly refer to a systemic infection (eg, code 112.5 for systemic candidiasis). Table 3 shows the extent to which case identification can be misclassified if one adopts different case selection methods offered by previous authors and case identification by LCA as reference. Classification by Angus and colleagues and Wang and colleagues yielded a low specificity and positive likelihood ratio, and as a result a low fraction of correctly classified cases. Conversely, classification by Dombrovsky and colleagues and Martin and colleagues yielded a high specificity and positive likelihood ratio and thus fraction of cases correctly classified through these 2methods was acceptably high.
DISCUSSION
Using a broad definition of severe sepsis that employed any infection code plus an organ dysfunction code, we identified hospitalizations meeting this criteria and used LCA to separate the cases into 2 classes: a class identified by specifically coded ICD codes 4 and a class that met the infection plus organ failure criteria but was almost void of ICD-9-CM codes specific for sepsis. On the basis of LCA's algorithm for maximizing estimation, most cases of LCAdefined severe sepsis are coded following Dombrovskiy or Martin recommendations for case identification. 8 Using a broader definition of severe sepsis markedly reduces the correlation between estimated and observed sepsis, and may overestimate the number of severe sepsis cases by as high as 2-to 4-fold, depending on how the LCA model was specified. This observation is also compatible with our results of severe sepsis prevalence in Table 3 in which the prevalence of LCA-defined cases is very close to that of Dombrovskiy and Martin. We also found that hospitalizations identified as sepsis using specific codes had a relatively homogenous set of principal diagnoses, whereas the set of principle diagnoses for cases in the residual class was widely heterogeneous. The incidence of in-hospital death for the specifically coded class was almost 4 times higher than that for the residual class, demonstrating that the 2 classes had very different risk profiles. Finally, we illustrated that case misclassification was greatly lower in previous literature when a more specified method of case identification was used.
Medical diagnosis is a subjective matter. Some conditions such as cancers have specific diagnostic criteria that make them less controversial for recording and reporting purposes. Other conditions, including sepsis, have no gold standard definition against which diagnostic criteria can be calibrated. 23 To complicate the situation further, clinical definitions of sepsis lack sufficient certainty. 2 These components of error can result in case misclassification, 14 with implications for research, planning, and evaluation. 14 Using exploratory data techniques such as LCA to identify sepsis cases in observational databases is a novel but not unknown approach. Rindskopf and Rindskopf 24 and Faraone and Tsuang 25 emphasized the value of LCA in medical case identification in the absence of a gold standard. LCA has also been successfully implemented for claims-type data in previous research. Rector et al 26 showed that using multiple criteria (algorithmic case identification) improves both sensitivity and specificity of case identification in a set of claim-based data. Favorable results were obtained using LCA model to diagnose depression. 27 Prosser et al 14 found out that conventional case definition for asthma using administrative data would end up with an underestimation of cases and suggested LCA as an alternative case identification tool.
Still, the results of this study should be judiciously interpreted. First, our results depend on clinical diagnoses coded in claims data. If a physician has made the wrong diagnosis and document that diagnosis in the chart, it can be translated into a wrong code. Second, we are not able to detect upcoding, a type of administrative misconduct that occurs when an ICD code is intentionally replaced by an alternative ICD code that is financially more lucrative in terms of provider reimbursement. 1, 28, 29 Third, LCA-based case identification is not absolute and comes with some degrees of uncertainty around case determination, 27 even if all ICD codes truly represent the cases. This means that even if sepsis-specific codes are a true proxy of what they intend to be, the class membership is still a nondefinitive process. However, the class membership probability in our study came with minimal statistical uncertainty and the results were fairly stable.
We suggest 2 potential case selection methods for severe sepsis. The first is to rely strictly on the results of LCA. Class 2 of the 2-class solution can be used to define these cases. The second way is to decide on a definitive case identification method guided by LCA analysis. The definition might be as follows: any observation is a severe sepsis if it is coded with a combination of an organ failure code or its SIRS equivalent (995.92) and at least one of the 2 sets of codes: an ICD-9-CM code from the 038.xx code group (septicemia) or the specific code for septic shock (785.52).
Either of these 2 selection methods would prove to unify and make more homogeneous the identification of severe sepsis. Although we used the 2-class solution as a guide for code selection, we can also suggest that the 3-class results can be also used in 2 ways: (1) to divide cases into 2 severity classes if needed; and (2) as a validity check for the model entire analysis such that the third class must be a subclass of the second class with interpretable results.
Research is also needed to unravel the extent to which use of NCHS' official recommendations is sensitive and specific. This can be done by sepsis identification through extensive medical chart review and comparison with identification based on the method we proposed or an improvement of it. To undertake this task, however, clear and reproducible guidelines for sepsis diagnosis based on chart review are needed. NCHS official guidelines entirely rely on recorded clinical diagnosis in the chart, but none of the previous validation studies using chart review have declared how severe sepsis should be identified through the chart review process.
This study has important implications. Prior sepsis definitions have used intuitive definitions and then attempted to validate those definitions through a series of analyses using administrative data and chart review. In contrast, this analysis prompts researchers and data analysts to forgo methods that solely rely on expert opinion for developing these definitions and instead replace them with a systematic data-driven and replicable method such as LCA. The introduction of ICD-10 offers the prime opportunity for the application of a systemic methodology, because ICD-10-CM contains a much larger number of codes than the current version of ICD and uses up to 7 digits of codes (compare this to 5-digit maximum resolution of ICD-9 system). This is true not just for severe sepsis but for any medical condition with complex coding guidelines for case identification. Such a change could have a significant impact on estimation of the burden of disease and the epidemiology of many complex medical conditions. 
